Introduction
The current study uses a large population database linking information from over 75,000 persons across early, middle, and late life to establish how the combination of childhood and adult SES are associated with late-life long-term morbidity patterns. Socioeconomic status has long been seen as a crucial morbidity and mortality determinant (Adler et al. 2008; Antonovsky 1967; Bobak et al. 2000; Braveman et al. 2010; Chen, Yang, and Liu 2010; Hay 1988; Hayward et al. 2000; Kadushin 1964; Mackenbach et al. 2008; Marmot et al. 1991) . The topic of SES and health has attracted growing attention in the United States, particularly as population health has improved overall while social class gradients in health have steepened (Elo 2009; White and Preston 1996) . In an attempt to explain these divergent trends, research has focused on pathways that account for persistence in and expansion of health inequalities. Some of these include mediators such as stress, social support, and preventive as well as risk behaviors (Engdahl and Tambs 2010; House et al. 1990; Marmot and Siegrist 2004; Petrelli et al. 2006; Tang, Chen, and Krewski 2003) . Some research suggests pathways can operate from early life onward, implicating both childhood and adult SES as determinants of health in old age (Elo and Preston 1997; Galobardes, Lynch, and Davey Smith 2004; Galobardes, Lynch, and Smith 2008; Galobardes, Smith, and Lynch 2006; Hayward and Gorman 2004; Luo and Waite 2005; Preston, Hill, and Drevenstedt 1998; Smith and Hanson Forthcoming) . Pudrovska and Anikputa (2014) have identified models that explain links between early-life SES and later-life health. The critical period model assumes that early-life disadvantages result in long-term biological and irreversible scars that manifest over time, sometimes not revealing themselves until later in life (Hamil-Luker and O'rand 2007; Kuh and BenShlomo 1997) . By contrast, the pathway model assumes that early life is important not because it is directly associated with late-life health but because it shapes later-life experiences. For instance, socioeconomic conditions in adulthood will be closely related to those experienced in early life, such that adult SES is a mediator between early-life SES and later-life health (Galobardes, Lynch, and Davey Smith 2004; Lawlor et al. 2006) . The cumulative risk model argues that impacts of SES compound over the life course (Kahn and Pearlin 2006; Ross and Wu 1996) . In this case, effects are independent and additive, meaning that SES at different stages of the life course is autonomously important and combines to create a net effect on later-life health. Finally, there is the social mobility model (Hallqvist et al. 2004) . Social mobility contends that SES in adulthood can mitigate or reverse effects of early life. For instance, upward mobility might moderate or even reverse somewhat the negative impacts of low earlylife SES. Similarly, SES disadvantages later in life can outweigh benefits that might have been accrued due to earlier life advantages. Except for the critical period model, these arguments all suggest that someone born into a low SES family is not destined to endure poor health in late life, but rather that the health effects of early-life SES are malleable (Pudrovska and Anikputa 2014) .
The current study adds to the discourse in a number of ways. Testing for both childhood and adult SES effects requires measures that are consistent over generations and able to reflect relative transitions in status that take place across the life course. This study employs a broad SES indicator that is consistently and reliably measured across early and later life and allows for an assessment of relative SES position within generations. While most studies of early-life SES rely on retrospective information, the current study uses objective information obtained from vital and administrative records.
Studies have consistently demonstrated an association between SES and mortality or morbidity, although few have examined effects of SES on morbidity as it develops and changes over the course of old age. An exception is Haas (2008) , who examined functional health trajectories in Health and Retirement Study data. The current study examines comorbidity outcomes using objective data obtained by employing Medicare information spanning an 18-year period. By asking whether childhood and adult SES affects patterns of late-life health measured over the long-term, this analysis aims to assess how a combination of early-life and mid-life characteristics might have lasting influences on the aging experience. Morbidity is conceptualized using an index that summarizes nearly all serious illnesses afflicting older individuals (Charlson et al. 1987) . Some older persons will have no or few chronic health conditions across all ages while others will accumulate conditions over time. The study employs a two-step modeling approach that first identifies a discrete set of groups. These groups consist of persons that have similar comorbidity trajectories. These trajectories also incorporate mortality probabilities within the modeling. Incorporating rather than excluding mortality means that the end of life is considered as part of a developmental process of old-age health (Haviland, Jones, and Nagin 2011) .
Many studies of SES and late-life health, particularly in the United States, consider education and income as SES indicators. Occupation is considered less frequently (Fujishiro, Xu, and Gong 2010; Galobardes, Lynch, and Smith 2008) , and when it has been examined, relatively crude measures of occupation are usually employed (Lundberg 1991) . Occupation has been a more common measure for assigning SES in Europe, particularly using data from the Whitehall studies of British civil servants (Adler et al. 2008; Macintyre 1997; Marmot et al. 1991) . Elo (2009) , in an extensive review of divergent measures of SES and their impact on health, notes that occupation has the advantage of being related to both income and education and of summarizing a combination of social, environmental, and economic characteristics that are relevant for health outcomes. The current study converts occupations into Nam-Powers Occupational Status Scores (Nam and Terrie 1982) , which themselves are derived in a way that represents educational requirements and income levels that relate to specific occupations.
In sum, the current analysis adds to the discourse on childhood and adult SES and late-life health in a number of ways. It uses data that allows for reliable comparisons of SES across generations. Conceptualizing late-life health as a developmental process that includes both morbidity and mortality, it considers the impact of earlier life characteristics on old-age health as a process. By using Nam-Powers SES scores it converts occupation into a multifaceted indicator of SES. Finally, using a database linking population information across sources, it relies on objective rather than retrospective reports of health and SES in both childhood and adulthood.
Data and methods

Sample
The Utah Population Database (UPDB) is a unique resource which is based on numerous demographic and epidemiological data sources linked at the individual level spanning entire birth cohorts for the past two hundred years. A central element of the UPDB is genealogical records that document multigenerational pedigrees comprising the state of Utah beginning in the early part of the 19 th century. Individuals from these records are connected to other available demographic data, including the main data sources for this study: statewide birth and death certificates and Medicare records approved for use by the Centers for Medicare and Medicaid Services (CMS). The current study is authorized to analyze Medicare records for individuals who link to UPDB, who were followed from 1992, the first year of available Medicare data, up to 2009 or the year of death (after 2002) , and matches these records to birth certificates of their children. The Medicare records provide measures on morbidity spanning up to 18 years that allows estimation of morbidity trajectories of elderly individuals. These data also provide mortality data that allows joint estimation of morbidity trajectories with survival probabilities. Linking these records with the birth certificates of the Medicare recipient's offspring allows us to associate health outcomes with occupation measured at time of birth of their offspring.
Age-based Medicare eligibility begins at age 65, but individuals in this study are observed starting at 66, resolving the problem that those who become eligible during the calendar year when they turn 65 are only partially observed for that year. Observation ends at age 105 due to virtually no observations beyond that age. Those in the data were eligible for Medicare in 1992 when records become available, or became eligible between 1993 and 2009. There are 499,974 such CMS enrollees. However, two criteria were imposed that reduced the initial sample for analysis. First, to become part of the sample individuals must be Utah residents with sufficient family history information to link them genealogically and reliably into the UPDB. Many of those with CMS records could not be linked to their Utah-based parents and therefore lack childhood SES measures. About 45% of persons in these CMS records are individuals born outside Utah. Second, omitted from the sample are those enrolled in Medicare Advantage. These individuals appear in the Medicare records but are covered by an alternate form of insurance and do not have medical encounters billed to Medicare during the time they are on Medicare Advantage. Overall, individuals excluded from the initial sample are: 209,172 not linked to a parental death certificate; 49,111 linked to a parental death certificate but the information on parental occupation is not retrievable; 42 with poor data quality; 77,613 part of the Part C Advantage Enrollment; and 13,998 not observed for multiple years and thus lacking sufficient information to establish trajectories. The analytical sample therefore comprises150,038 long-term Utah residents with sufficient information on which to conduct trajectory modeling.
The trajectory modeling used in this study is computationally intensive. To enable the models to converge we used a 50% random selection, providing a final sample size of 75,019. Once an individual is included in the sample, the only additional form of attrition is mortality. The reliability of the 50% sample was tested by repeating the 50% sample selection two additional times with commensurate re-analysis of data. Each replicate resulted in nearly identical results.
Each subject is observed annually from 1992, or the year they turn 66, until death or until 2009. Doctor visits are combined during the course of a year into one observation per person per year to create a person-year file. The maximum number of yearly observations per person is 18, one for each year of coverage between 1992 and 2009. The selected sample generated 713,935 person-year observations, or about 9.5 years per individual.
Measurement
Health is based on a combination of morbidity trajectories and survival probabilities. Survival is determined from reports of death in the Medicare data and Utah Death Certificates. Annual morbidity measures reflect a count of conditions reported in the Medicare data and listed in the Charlson Comorbidity Index (CCI) (Charlson et al. 1987) . The CCI has been employed in numerous studies and has been deemed to be among the most valid measures of comorbidity (Huntley et al. 2012) . Conditions comprising the CCI are: myocardial infarction, congestive heart failure, peripheral vascular disease, cerebrovascular disease, dementia, chronic pulmonary disease, rheumatologic disease, peptic ulcer disease, mild liver disease, diabetes (mild to moderate), diabetes with chronic complications, hemiplegia or paraplegia, renal (kidney) disease, any malignancy, moderate/severe liver disease, metastatic solid tumor, and HIV/AIDS.
Childhood and adult SES are based on occupations converted into Nam Powers Occupational Status Scores (NP-SES) (Nam and Powers 1968; Nam and Powers 1983) . NP-SESs range from 1 to 100 for specific occupations, with scores based on educational requirements and income levels typical for people with that occupation (Nam and Terrie 1982) . Therefore these scores do more than measure occupation: they are a broad indicator of SES. The measure has been used in numerous studies linking SES and health (e.g., Meyer et al. 2004; Steenland et al. 2003; Steenland, Hu, and Walker 2004; Temby and Smith 2013) .
Different data sources provide us with information about childhood and adult SES. A person's childhood SES is measured using information about the usual occupation of his/her parent as listed on the parent's death certificate. If there is information on more than one parent, which is not a common occurrence since the majority of mothers are listed as housewives, the measure reflects the highest NP-SES of the individual's deceased parents -most often the father. Indeed, in only about one in five cases is there an occupation for mother and only in a very small minority of these cases does the mother's occupation result in the higher NP-SES score. A comparable measure for adult SES is derived from information about occupation noted on a birth certificate where the subject appears as a parent. Multiparous individuals can have more than one occupation recorded. We rely on a measure that is the highest SES score across all births for each father-mother pair named on a birth certificate. We note that there are cases where occupation changes across different instances of childbirth, but in the vast majority of cases they do not vary greatly. Moreover, sensitivity analyses that considered SES to be based on the average or the lowest scores across instances did not alter the findings.
Since social structural changes arising over time may affect occupations that have higher or lower SES, we conceptualize SES as being relative within the generation. Childhood and adult SES are divided into five categories to represent relative social position. Farmers, all of who have an NP-SES score of 40 and who represent a large segment of each cohort (about 1/3 of childhood and 1/10 of adult) are a separate group.
The remaining individuals are sorted into quartiles based on the generation-specific NP-SES distributions.
Models that link childhood and adult SES to later-life health adjust for early-and mid-life confounders that are available in the UPDB and have been shown to be associated with both SES and later-life health outcomes ). Number of children of the subject is included. Increasing parity may increase risk of later-life comorbidity through physiological pathways, particularly among females, who disproportionately bear physiological and psychological costs of childbirth and childrearing (Kirkwood and Rose 1991) . Next is number of siblings of the subject. Increasing sibship size relates to the way in which resources get shared, while greater sibship size has been shown to lower educational attainment and lead to unhealthy lifestyle choices (Behrman and Taubman 1986; Hart and Smith 2003) . Activity level within the Church of Jesus Christ of Latter-day Saints (LDS or Mormons), the predominant religion in the state of Utah, is measured as: active, inactive, and non-LDS. Membership in the LDS church has been shown to favorably influence health through behavioral, social network, and support mechanisms (Koenig 2013; Mineau, Smith, and Bean 2004) . Indicators of timing of key family transitions are included in the models. Early age of parental death can affect available resources while growing up and therefore negatively affect SES attainment, while also serving as a risk factor for one's own health through a series of potential genetic and social influences ). Also controlled is whether a parent dies before age 12 of the individual. Since own occupation is measured when the individual bore a child, the age at which the subject's child was born may be consequential. Younger age of birth could limit attaining a stable labor market position. Later age at birth may be related to health, with those able to bear children at advanced reproductive ages having better health (Smith and Hanson Forthcoming) . Therefore, estimated models include the age of the individual at the time at which the indexed child is born (i.e., the birth certificate that reflects SES in adulthood). Finally, race (white versus non-white), which has long been shown to be associated with both SES and health outcomes, is adjusted for.
Two-step analytic strategy
Constructing morbidity trajectory groups:
The sample is separated into groups based on the combination of morbidity and survival information. Groups are categorized using group-based trajectory (GBT) modeling, a maximum likelihood procedure that identifies clusters of individuals that follow similar morbidity patterns as they age (Nagin 2005) . The application of GBT modeling, including assessment of best fitting model, follows specifications detailed in several publications (Dodge et al. 2006; Nagin 1999; Nagin and Tremblay 2001; Roeder, Lynch, and Nagin 1999; Zimmer et al. 2014; Zimmer et al. 2012) . The number of groups into which the sample is separated is based on criteria that combines Bayesian Information Criteria (BIC), post-estimation posterior probabilities, and subjective examination of groups that pragmatically distinguish health patterns (Nagin 2005) . Trajectory groups are formed as a function of number of CCIs at a given age, coupled with chances of surviving from one age to the next. CCIs are modeled using a Poisson distribution with quadratic functions, which are suitable given that age patterns in CCI are non-linear. The probability of dying at a given age is modeled simultaneously (Haviland, Jones, and Nagin 2011; Zimmer et al. 2012) . Patterns of morbidity and mortality risks are sex-specific.
Estimating association of childhood and adult SES with group membership:
A regression procedure estimates the association between childhood and adult SES and trajectory group membership. GBT modeling produces for each subject post-estimation probabilities of the chance of belonging to each group. These probabilities add to 1.0 for each individual. Each subject is assigned to the group for which they have the highest probability. The average highest probability is an indicator of model fit. The recommendation consistently followed in the literature (Dodge, Shen, and Ganguli 2008; Nagin 2005; Zimmer et al. 2014 ) is that an average highest posterior probability of 0.80 for each group is an indicator of good model fit. For these data the average for each group is greater than 0.80 with an overall average being 0.85. However, it is possible that some individuals are misclassified. For instance, some will have highest posterior probabilities of under 0.50. For our data, only 5% of the female sample and 6% of the male has a highest posterior probability of under 0.50. Moreover, as is widely appreciated, the misclassification of persons in a given trajectory generally makes the findings more conservative, especially -as we suggest is the likely scenario -when the misclassification is random. Such misclassification means that some people will be placed in a trajectory incorrectly, a situation that serves to minimize differences between the two trajectories in question. Further, to assure unbiased standard errors in the regression procedure that follows the classification, regression weights are constructed to be equal to posterior probabilities. This means that the more confident we are of group membership, the higher will be the weight given to that observation.
For about 52% of subjects there is complete occupation information in adulthood. The reasons for missing occupation relate to being childless or having children born outside of Utah, both of which preclude access to birth certificate information. Moreover, occupational data from the birth certificates are not available for certain birth years (1922 to 1938) because they are unavailable in the UPDB. Individuals missing occupational information from birth certificates do not occur at random and have distinct characteristics. To deal with this potential sampling bias we employ a Heckman two-stage selection model. This approach involves estimating a sample selection correction variable based on the Inverse Mills Ratios (IMR), derived from a probit model where the dependent variable measures whether the individual was retained for the substantive analysis or not. Including the IMR as a covariate in the regressions predicting group membership assesses and corrects for potential nonrandom sample selection induced by the missing data (Heckman 1976) . The variables used for the selection part of the estimation include age in 1992, birthplace (UT vs. outside of UT), median family income from the county of residence based on the 1990 Census, countylevel population from the 1990 Census, and affiliation with the LDS church (active, inactive, non-member).
The first step of the analysis, the trajectory group modeling, indicated that subjects break into discrete groups that can be classified from most to least healthy. Individuals in less healthy groups have higher CCIs at any age and are less likely to survive. Since these groups are ordered and represent the dependent variable, we use sex-specific ordered logit regressions to estimate the probability of group membership, ordering groups from least to most healthy (lowest value to highest value in the ordered scale).
Given the UPDB, we know whether individuals within the data are siblings. These sibsets mean the assumption of statistical independence is violated. The method used for adjusting for this is a mixed modeling approach that includes random effects at the sibling level (Raudenbush and Bryk 2002) . To estimate an ordered logit model with random effects the Generalized Linear Latent Mixed Models (gllamm) procedure is employed (Rabe-Hesketh and Skrondal 2008). Gllamm provides coefficients for individual level effects, like childhood and adult NP-SES, and a variance and standard error of variation for within-family (sibling) random effects.
Several models are tested. The first includes only childhood SES and the IMR. The second adds adult SES. The third adds additional covariates. Interactions between childhood and adult SES were tested, but these did not statistically improve model fit and therefore childhood and adulthood were deemed to be independent predictors of health outcomes. For parsimony, interaction models are not shown.
Descriptive statistics for model covariates are provided in Table 1 . Table 1 also indicates whether distributions significantly differ across females and males. While all 75,019 observations are part of the first stage Heckman selection model, the second stage includes those with complete occupational information, a sample size of 39,338.
Predicted probabilities of group of membership given combinations of childhood and adult SES are also calculated. These probabilities use covariates from the third model, holding values other than SES at their sample means. Table 3 shows average age-sex specific CCIs and sample sizes for all person-year observations. For instance, there are 74,033 person-year female observations between the ages of 66 and 70. These observations yield an average annual CCI of 0.595. Average CCIs increase with age for both females and males from the youngest age group until age 86-90, after which there is a decline. This drop is likely a function of mortality selection in that individuals living at advanced ages are less likely than others to be characterized by health problems detected by the CCI. Males have significantly higher average CCIs than females of the same age. This is consistent with research on sex differences in the conditions measured in the CCI and with higher male mortality (Schiller et al. 2012) . Note: All differences in average CCI between males and females significant at p< .05.
Findings
Childhood and adult SES
Morbidity trajectories and survival probabilities
Results of the GBT models for females and males are shown in Table 4 . The modeling generated four distinct trajectory groups, each described by a linear and quadratic age term for CCI and a linear age term for mortality. The linear age parameters for both males and females are positive and robust, indicating that for each group the main effect of age is to increase CCI. Conversely, the quadratic age parameters are negative, indicating that the age-related increase in CCI decelerates or reverses at very old ages. Linear age parameters for mortality are positive, indicating increasing probabilities of death with increasing age. Figure 1 plots estimated CCIs by age. The four groups are distinct and ordered by increasing levels of morbidity. To facilitate interpretation, the groups are labeled simply from 'healthiest' to 'least healthy'. CCI is plotted to age 90, since most point estimates beyond this age are based on a small number of surviving individuals. For instance, the entire group classified as least healthy died out by age 90 and therefore estimates beyond this age are not reasonable.
When moving from healthiest to least healthy, estimated CCIs increase. For instance, for females those in the healthiest group are unlikely to have any conditions measured by the CCI at any age. The second healthiest group is estimated to have no conditions at younger ages, with estimated CCIs increasing to about 1 by age 86. Those in the third healthiest group are estimated to have a CCI of about 0.5 at age 66, with scores rising to about 2.0 by 88. The least healthy group has an estimated CCI of 1.5 at age 66, which increases to 3.0 by age 80, then levels off or and even declines at oldest ages. The decline at very old ages is likely a function of selectivity wherein the healthiest members of specific groups are the ones most likely to survive. All groups, if plotted out to older ages, would reveal a leveling-off then a decline in predicted CCI. Males display similar patterns, as do females with higher levels of CCI and an earlier peak for the least healthy group. As for the proportion that fit into each trajectory, for females and males alike the extreme CCI groups contain the smallest percentage of the sample: about 15% to 20%. The middle two trajectory groups contain slightly more than 30% each.
Survival curves for each trajectory group are shown in Figure 2 , based on the fitted mortality parameters. Chances of survival tightly correspond to the CCI estimates such that the healthiest group has the highest survival probabilities and the least healthy the lowest survival probabilities. This is to be expected, since the CCI was originally based on conditions that link to mortality (Charlson et al. 1987) . Also, as expected, survival is higher for females than males. By age 90, about 40% of females in the healthiest group and 20% of males in the comparable group are still alive. All females in the least healthy group are deceased by about age 90, while males in the least healthy group are deceased by about age 86. The only departure from the overall trend is that males in the healthiest and second healthiest groups have similar survival probabilities from age 66 to about 76. Supplementary analysis (not shown) showed the weighted average of survival curves match closely to those obtained from official U.S. Life Tables, for  instance Deconstructing the CCI into its specific conditions provides an opportunity to assess if individuals in different trajectory groups are more or less likely to have specific conditions. Table 5 shows the percentage of individuals in each group that ever have specific conditions across the observation period, from 1992 to 2009, and the percentage that ever report no, one, two, three, or more of these conditions. Those in less healthy groups are much more likely to report almost any specific condition at some point, in that the percentage reporting conditions increases as trajectory group moves from most to least healthy. However, the difference is particularly acute for certain conditions. For instance, while the majority of females and males in the least healthy group have reported diabetes (70.3% females; 66.3% males), very few are diabetic in the healthiest group (3.8% females and males). An interesting comorbidity combination is congestive heart failure plus diabetes. Almost none of those in the healthiest group have both of these conditions (1.2% females; 1.0% males). This percentage increases across trajectory groups, with those in the least healthy group being about forty times more likely than those in the healthiest group to report the combination of these conditions (51.9% females; 45.4% males). Interestingly, the only condition that does not increase monotonically by trajectory group is dementia. Table 5 should be interpreted cautiously, since the percentages shown are affected by mortality. The reason for this is that being in a trajectory group is a function of having and not having conditions, as well as longevity such that those in healthier groups live longer than those in less healthy groups. This means that those in the healthier groups have longer exposure, and therefore differences seen in the table are likely to underestimate the variation in prevalence. Table 6 presents parameters predicting group membership. A positive coefficient means that higher values for that variable are associated with a higher probability of being in increasingly healthy groups. Table entries are log odds. For instance, in Model 1 for females the estimated log of the odds for those in the lowest quartile is -.292. This means that in comparison to those whose childhood SES is in the highest quartile, those in the lowest have lower log odds of being in a healthier group. Exponentiation of the log odds (e -.292 =.747) indicates that the odds that a female in the lowest quartile of childhood SES is in a healthier trajectory group relative to her counterpart in the highest quartile are lower by a factor of .747; or the lower-quartile female has about 25% lower odds than the highest-quartile female of being in a healthier group. Therefore, being in the lowest quartile of childhood SES translates into poorer health and lower survival probabilities. In general, coefficients for childhood SES below the highest quartile are negative, indicating a disadvantage of being in an SES category lower than the highest. For females, being in the lowest and second lowest groups is disadvantageous in comparison to the highest (coefficients of -.292 and -.397 respectively), while for males, being in the lowest, second, and third lowest groups are unfavorable in comparison to the highest (coefficients of -.184, -.192 and -.242 respectively).
Modeling group membership by childhood and adult SES
Model 2 shows the combined independent impact of childhood and adult SES. Childhood SES remains important, though more so for females than for males. Therefore the impact of childhood SES on late-life health trajectories does not disappear when adult SES is taken into account. The impact of adult SES on health trajectories is extremely robust for both males and females, with higher quartiles being associated with being in healthier trajectory groups. After adding other covariates, effects of both childhood and adult SES remain robust for females. The effect of adult SES is strong and significant for males, while some of the childhood SES coefficients for males are reduced to near-or nonsignificant levels. Nonetheless, on balance, for both males and females both childhood and adult SES affect health in old age. There is generally an important distinction between those in the highest childhood SES quartile versus others and highest adult SES versus others.
While coefficients are generally significant and in the expected direction for both sexes, there are differences by sex. Coefficients are by and large more robust for females across both childhood and adult SES, indicating that old-age morbidity trajectories of females appear to be more impacted by SES. We conducted statistical tests to determine if the male and female coefficients are different from each other and found that generally the differences are not large enough to be significant. There is a notable exception. The effect of adult SES being in the lowest quartile for females (-.410; p<.01) is significantly more negative than the equivalent effect for males (-.172; p< .01).
Being a farmer in adulthood is advantageous for males. Childhood SES of farmer is not significant for either females or males, and farmer SES in adulthood is not significant for females.
Most of the remaining covariates in Model 3 are significant. Those with healthier trajectories have lower parity, more siblings, are active and inactive LDS, are of white race, and have higher age at birth of the indexed child. A parental death before age 12 is moderately significant for females, decreasing the probability of being in a healthier trajectory.
The IMR is associated with being in a healthier trajectory, which indicates that the characteristics that determine sample selection are also related to health, and thus substantiates the two-stage Heckman strategy and concerns over sample selection. Estimates of random effects for all models are significant, suggesting strong siblingspecific heterogeneity acting upon group membership.
Changes in SES and group membership
How a change in SES between childhood and adulthood affects old-age trajectories for females and males is highlighted in Figure 3 . Shown is the predicted probability of being in the healthiest group. Therefore the figure presents the probability of having few or no morbidity conditions throughout old age and a high probability of survival to very old age. Adult farmer SES is not shown because mobility from non-farmer to farmer is rare. Childhood SES is plotted from lowest to highest quartile, with farmer added on the far right. The graph is organized such that slopes indicate the probability of being in a particular trajectory group when moving from lowest to highest adult SES conditional upon childhood SES.
Figure 3:
Predicted probability of being in the healthiest trajectory group by childhood and adult SES and sex
For both females and males, moving from lower to higher quartiles of SES increases the probability of being in the healthiest trajectory group in old age. However, the effect is much stronger for females, as clearly shown by steeper slopes. For example, conditional on a female's childhood SES being in the lowest quartile, as adult SES increases from the lowest to highest the chances of being in the healthiest trajectory group rise from about 0.12 to 0.17. Conditional on a female's childhood SES being in the highest quartile, the slope for being in the healthiest trajectory rises from about 0.14 to 0.20. By contrast, if a male has lowest childhood SES, as adult SES increases from the lowest to the highest quartile the chances of being in the healthiest trajectory group rise from about 0.12 to 0.14, and conditional on a male's childhood SES being in the highest quartile, the slope rises from about 0.13 to 0.15. Childhood occupation of farming provides an intriguing finding. For both females and males the probability of being in the healthiest group is greatest when childhood SES is 'farmer' and adult SES is in the highest quartile.
Discussion
The current study links childhood SES, indicated by occupation of parent, with adult SES, indicated by occupation at time of birth of children, and associates the combination of these with long-term developmental patterns in old-age health. A groupbased trajectory (GBT) modeling approach was used to cluster individuals into those that experience more and less healthy morbidity and survival patterns in old age, with morbidity operationalized according to the Charlson Comorbidity Index or CCI (Charlson et al. 1987 ). This modeling approach indicated four trajectory groups conforming to an ordinal pattern of long-term health. The healthiest group, among both females and males, are individuals likely to survive to old age and experience virtually no morbidity conditions as they age from 66 onward. The least healthy group has much lower survival probabilities, has one or more condition at age 66, and experiences a rising number of conditions with increasing age. Deconstruction of the CCI indicated that the least healthy group is very likely to have a combination of congestive heart failure and diabetes in addition to other conditions, while those in the healthier groups are unlikely to have this mix of conditions. On balance, our results indicate that childhood and adult SES are independently important predictors of late-life health and combine to determine the probability of a healthy old-age trajectory. This supports the cumulative risk model as described by Pudrovska and Anikputa (2014) , which is to say that childhood and adult SES exert additive influences on the development of old-age health. The study supports efforts to link childhood circumstances to later-life health and suggests that the origins of late-life health begin at very early ages (Blackwell, Hayward, and Crimmins 2001; Elo and Preston 1997; Freedman et al. 2008; Galobardes, Lynch, and Smith 2008; Gavrilova 2003; Hamil-Luker and O'rand 2007; Hayward and Gorman 2004; Luo and Waite 2005; Smith et al. 2009 ). However, results also point to adult SES, after adjusting for childhood SES, being somewhat more important. Also, there are mixed results with respect to sex. Coefficients tend to be larger for females. This sex difference, while noticeable, is not typically statistically significant in the models, except for one exception: the effect of lowest adult SES is statistically more robust for females.
The study adds to our understanding of earlier-life SES and later-life health in several ways. Using linked databases, the study was able to connect life-course characteristics in an objective way that avoided the need for retrospective information. By using a population database, the study was able to incorporate a large amount of data measuring decades of the life course in two generations. It suggested robust associations for SES measured similarly across generations. Importantly, by considering 18 years of Medicare information stretching from 1992 to 2009 the analysis has shown that the connection between earlier-life experiences and late-life health extends to long-term patterns that influence individuals as they age.
The ability to navigate the health care system is likely to vary by SES. If high SES individuals are better able to access the system and are more likely to seek medical care, then they are more likely to appear in Medicare records and therefore are more likely to be seen in the data. If this is the case, high SES individuals may very well be more likely to have morbidity conditions recorded, and our findings would represent a conservative estimate of the effects of SES on long-term health.
Sex differences are not always statistically significant yet appeared quite clear in the predicted probabilities shown in Figure 3 , with stronger slopes for females. Past findings on earlier-life SES across sexes has resulted in mixed findings. Some have found little difference (Luo and Waite 2005; Melchior et al. 2007; van de Mheen et al. 1998 ) and others have shown stronger impacts for females (Powers et al. 2005; Stowasser et al. 2014) . Differences in these studies may be a function of SES measures considered and outcomes examined. Stowasser et al. (2014) , for instance, show earlylife SES to affect females more than males when it comes to functional limitation but not chronic disease. Speculating on the reasons behind these differences is complex, given that pathways from early-life SES to later-life health are multifactorial. If childhood SES is more robust for females it suggests that early-life disadvantage is more pertinent for females. If adult SES is more robust for females, and in this study it is sex differences in adulthood rather than childhood that are statistically significant, it indicates that a change in SES from low to high may have greater payoff for females. Naturally, our results are bound by the birth cohorts studied here, such that newly arriving 66-year-olds in 2015 who are accompanied by their distinctive employment and gender experiences may reveal different sex differences than those detected here.
Farmer status has an intriguing effect. While children from farming backgrounds enjoy better later-life health outcomes, the effect is mediated by other covariates in our model. A male farmer in adulthood has better long-term health than others. The finding is suggestive of positive health impacts associated with the type of labor that is characteristic of farm work for men. Farmer status has weaker effects on females.
Indeed, females in our data are generally categorized according to their husband's occupation. While their husband may be doing farm labor, wives may be doing housework and childrearing, which does not have the same health benefits as farm labor. These results are consistent with other research (Gavrilov and Gavrilova 2012) .
The current study can be compared to Hayward and Gorman (2004) , who demonstrated, using the National Longitudinal Survey of Older Men, that the effect of occupation of parents during childhood on mortality was mediated by adult SES and lifestyle characteristics. The findings of the current study are somewhat different since effects of childhood SES remained after introducing adult SES. Still, like the earlier research, the current study found that the effect of childhood SES declined substantially for males after introducing adult SES. The same was not true for females.
There are limitations to the current study. While both childhood and adultSES is measured using NP-SES scores, there is a difference in the way in which occupation information is obtained. Childhood is based on 'usual lifetime occupation' as noted on parental death certificates. Adult SES is based on highest recorded occupation as noted on birth certificates of offspring. Different measures are necessitated by the availability of information. For example, if all individuals being studied were deceased we could have obtained adultSES from their death certificates as well, but this is not the case. It is very possible that the occupation listed on an individual's death certificate will be different from the one that is listed on the birth certificates of his/her children. While it is unlikely that the difference would result in drastic differences in SES scores, particularly given that the key measure in the current study is an SES quartile, the fact that there might be non-comparability should be noted.
Related to this, we have defined SES as a relative rather than an absolute status. The differences between absolute and relative SES have been debated, as have the differences in meaning between absolute and relative mobility (Erikson, Goldthorpe, and Portocarero 1979; Wilkinson 1997) . While the present research sought to understand how changes in relative SES affect late-life health, further research should compare results with absolute changes.
The measure of SES is based on the higher NP-SES score between husband and wife. In almost all cases, it is the husband that has the highest NP-SES score. In a large number of observations, about 4 out of 5, the female's occupation is listed as homemaker, which does not have a code in the NP-SES. Partly, this is a function of the historical time in which the study takes place. Nonetheless, past research has indicated the importance of mother's SES in shaping offspring well-being (Montez 2013 ). The impact of mother's SES on long-term patterns in health deserves attention.
Another limitation is the tradeoff between sample size and missing data: the requirement that an observation has occupation data derived from birth certificates. This has been partly addressed using the Heckman sample selection correction that makes an adjustment to the parameter estimates due to nonrandom selection of subjects. This technique is applied appropriately but nonetheless introduces concerns about the final sample used. Nonetheless, the approach used here offers substantial advantages because of the scope of individual and historical time that is encompassed and the novel insights it can provide. In particular, the ability to analyze a large sample of two-generation parent-child sets spanning their entire lives over several decades provides a unique opportunity to observe how social mobility affects life chances in an unprecedented way, especially given the inherent difficulty in constructing data for a multigenerational cohort. The results are naturally constrained to address the population and historical period under study, but they are comparable to other longstanding and influential regional cohort studies such as the Oakland Growth Study/Berkeley Guidance Study and the Framingham Heart Study (Elder, Van Nguyen, and Caspi 1985; Splansky et al. 2007 ). The approach used here is to make explicit corrections for sample selection while also prudently interpreting the findings so as not to over-generalize, given the study's data requirements.
Finally, individuals in the current sample are likely to be longtime Utah residents with family links that date back to an earlier generation in Utah. This condition arises because individuals included in the sample must be linked to a parental death certificate, which indicates that both they and their parents lived in Utah. It is worth, therefore, reflecting upon how this sample selection may affect results of this study and how results may differ across other samples such as national ones. Utah does have a dominant religion and higher fertility levels and thus Utahans may in some ways be more orientated toward family than people from other states. If this is the case with the current sample, one might presume that connections across family members may be more consequential in Utah than elsewhere. At the same time, Utah does follow national trends of fertility, marriage, and mortality, which should generally preserve many of the associations seen in other populations. Of course, as studies traverse backward in time they are bound by available data, a common challenge in historical demography and anthropology but from which considerable insights have been derived (Knodel and Van de Walle 1979) . There are also other contemporary and historic samples such as the BALSAC database from Quebec that have dominant religions and high fertility, and their samples have led to important findings (Gagnon et al. 2009 ). Plus, the uniqueness of the current sample should not be overstated. The data represent individuals that are both members and non-members of the Church of Jesus Christ of Latter-day Saints and therefore contain considerable diversity in terms of demographic, socioeconomic, and health changes occurring over the past century (Zick and Smith 2006) .
Despite limitations, our findings add to the understanding of lifetime socioeconomic influences on later-life health. The chances of having favorable health patterns late in life are partly determined early in life or even before life begins. However, these chances are not set in stone early in life and are also a function of adult SES, which has an independent additive influence. Considering mixed findings in the present and earlier research, future analysis aimed at sorting out the male/female differences in early-life effects on later-life developmental health patterns would be enlightening. The consideration of alternate measures of SES and morbidity would also help to establish the universality of these associations. The current results advocate for interventions in early age, particularly among females growing up in lower SES households. A successful transition up the occupational hierarchy is likely to pay dividends later in life. This study concentrated on very serious morbidity conditions and survival, and thus the costs of remaining stagnant at the bottom of SES are clearly great for society and for individuals themselves.
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